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Abstract

In this work we aldressthe aitomatic summarization task. According to the literature,
extradive-summary generation depends basicdly on heuristics; however, there ae few
indicatives of how to sded the relevant feaures. We will present a trainable
summarizaion procedure which employs linguistic and statigticd feaures, extraded
diredly and automaticdly from the original text. Computational results obtained with
the gplicaion o the proposed summarizer to some well known text databases are
presented, and we compare these results to some basdli ne summarization procedures.
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Abstract

In this work we aldressthe aitomatic
summarizaion task. According to the
literature, extradive-summary
generation dpends basicdly on
heuristics; however, there ae few
indicatives of how to sded the
relevant feaures. We will present a
trainable summarization pocedure
which  employs linguisic and
statisticd fedures, extraded dredly
and automaticdly from the original
text. Computational results obtained
with the applicaion of the proposed
summearize to some well known text
databases are presented, and we
compare these results to some
basdli ne summarization procedures.

1 I ntroduction

Text-Mining (TM) is a reseach field related to
Data-Mining (DM) (Weiss 98) which treds
basicdly free text with little or no semantic
information abou the data. An important TM
task is summarizaion, which consists of
reducing the size of a text while preserving its
information content (Luhn 58), (Spark-Jones
99).

Summary congtruction is a mmplex task
and idedly requires dee natural languege
processng cagpadties which are beyond the
ability of currently-known techniques (Mitra
97). In oder to simplify the problem, current
reseach focus on extradive summaries, defined
as a subset of the sentences of the original text.
These summaries do not guarantee a good
narrative mherence but are useful for relevance
judgement.

Typicdly, the summary is employed to
answer spedfic questions abou the original text,
or is used as a pointer to some part of the
original document. Obviously a very important
advantage of using an extradive summary is its

reducad realing time. Automatic summary
generation hes ome alvantages: (i) the size of
the summary cen be ntrolled; (ii) its contents
is determinist; and (iii) the relation between a
sentence in the summary and the origina text
block iniseasily established.

In our work we adress the aitomatic
summarizaion task. Published reseach work on
extradive-summary generation ckpends
basicdly on heurigtics (Edmundson 69), (Kupiec
95); however, few indicdives are given of how
to seled the relevant feaures. We will present a
summarizaion procedure which employs some
lingustic and datisticd feaures, extraded
diredly and automaticdly from the origina text.

The rest of the paper is organized as foll ows:
sedion 2 describes the text summarization task;
sedion 3 pesents the feaures employed in the
propacsed agorithms; in sedion 4 we describe
the proposed trainable summarizer; sedion 5
presents the obtained computationa results; and
finaly, sedion 6 presents ssme cnclusions and
future research work.

2 Text summarization: areview

Acoording to Spark-Jones (Spark-Jones 99) a
summarizdion processcan be separated in three
steps. (1) the preprocessng step, where a
structured representation d the original text is
generated; (2) the transformation o this
structure into a summary representation; and (3)
the generation d the summary from the
summary representation.

The preprocessng step aims to reduce the
dimensiondity of the representation space and
usudly includes: (i) stop-word eimination —
common words which cary no semantics and do
not aggregate relevant information to the T™M
task are diminated; (ii) case folding: consists of
converting al the charaders to the same kind of
letter cese - either upper case or lower case; (iii)
stemning: syntadicdly-similar words, such as
plurds, verba variations, etc. are @nsidered
similar; the purpose of this procedure is to



obtain the stem or radix of eat word, which
characterizeits smantic.

A frequently employed text modd is the
vedorial modd (Sdton 97). After the
preprocessng step ead text element — typicdly
a sentence in the cae of text summarizaion —
corresponds to an N-dimensiona vedor. In this
metric space @& adequate metric can be eaily
establi shed: the most employed oreisthe @msine
measure, defined as cos * = (<x.y>) / (IX . V)
for vedors x and y , and where (<,>) indicaes
the scdar product, and |X| stands for the modue
of x. Therefore maximum similarity is indicaed
by cos ¢ = 1, whereas cos * = O indicates total
discrepancy between the text elements.

A key pant in summarizaion reseach is
how to evauate the quality of the generated
summary. A detailed evaluation of summarizers
was made & the TIPSTER Text Summarizaion
Evauation Conference (SUMMAC) (Mani 98a),
as part of an effort to standardize summarization
test procedures. In these tests summaries of the
reference database mlledion were provided by
human judges, dlowing a dired comparison of
the performance of the systems that participated
in the mnference However, the human effort to
elaborate such summaries is huge. In the cae of
summaries generated from different human
judges, there is low concordance only 46 %
acording to Mitra (Mitra 97); more
importantly: summaries produced by the same
human judge in dfferent dates have only 55 %
of agreament (Rath 61).

If we consider the existence of a “reference
summary” the dasscd IR predsion and recll
measures can be employed to evaluate the
guality of the aitomaticdly-generated summary:
a sentence will be cdled corred if it belongs to
the reference summary. As usual, predsion is
the number of seleded corred sentences divided
by the total number of sentences €leded, and
reall is the ratio of the number of seleded
corred sentences over the tota number of
corred sentences. In the cae of fixed length
summaries the two measures will be identicd.

An intelligent solution which alows to
ohtain the reference etradive summary was
propcsed by Mani (Mani 98b): if eah origina
text contains an author-provided summary, the
correspondng sizeK reference  etradive
summary for this document consists of the K
most similar sentences to the author-provided
summary, acording to the vedorial model. This
approach is adequate for automatic procedure,

and strondgy fadlitate the generation o
reference etractive summaries.

Given a wolledion of documents and their
correspondng reference etradive summaries,
we can use a different class of agorithms:
trainable summarizers. A trainable summarizer
is a dasscd madine leaning algarithm which
employs, as training set, examples
correspondng to the sentences of the documents
to be summarized and a set of fedures
describing those sentences. The trainable
summarize peforms a dasdficaion task, as
follows. eath sentence of the training set is
labeled as “corred” if it belongs to the
extradive reference summary, or as “incorred”
otherwise; then the trainable summarizer is
expeded to “lean” the pattern which leals to
the summaries, by identifying rdevant fedure
values which are most correated with the
classes “correct” or “incorred”; when a new
document is given to the system, it uses the
leaned patterns to classfy ead sentence of that
document into either a “corred” or “incorred”
sentence therefore prodwcing a new extradive
summary. Obviously a crucial issue in this
framework is how to obtain the relevant set of
fedures.

3 Featureidentification for
trainable summarizers

In the literature of text-summarization we can
found a large number of feaures that cen be
used to train a summarizer. These feaures can
be rougHy divided into six groups, as follows:

(a) Sentence length. This feaure can be used,
for instance to pendize sentences that are too
short; very short sentences are nat expeded to
be seleded for the summary. An example of this
use is found in (Kupiec 95), where it is defined
as a hinary feaure, whose bodean value
depends on whether or not the number of words
in a sentenceis smaller than a given threshald.

(b) Sentence position. This feaure can involve
the position d a sentence in the document as a
whale, the pasition d a sentencein a paragraph,
etc. This kind of feaure presented goodresults
in severd projeds (Edmundson 69, (Kupiec
95), (Mani 98b), (Teufel 99). It shoud be noted
that in genera these projeds assumed that the
text was drealy segmented into paragraphs, so
that the position d a sentence in a paragraph, or
the presence of sedions in the document (such



as “Introdwction”, “Conclusions’, etc.) can be
taken into acourt.

() Thematic features. We focus here on
thematic fedures based oninformation retrieval
techniques.

Since the semina work of Luhn (Luhn 58),
reseach on summarization hes often used
measures based on information retrieval
(Edmundson 69), (Kupiec 95), (Teufd 99).
Examples are the well-known measures of TF
(term frequency) and TF-IDF (term frequency x
inverse document frequency) (Mani  98b).
TF(w,d), the term frequency of a word w in a
document d, is the number of occurrences of w
in d; IDF(w), the inverse document frequency of
aword w, is normally defined as log(|DJ/DF(w)),
where |D| is the number of documents in the
document base axd DF(w) is the number of
documents in which w occurs; the TF-IDF(w,d)
measure is the produwt of the TF(w,d) and
IDF(w) measures. The higher this product, the
more relevant word w is to document d, and the
higher the weight that w will have in a formula
used to measure the similarity between a query
and a document.

In text summarization our “unit of work” is a
single document, and we have to seled a set of
relevant sentences to be included in the
summary out of al sentences in a given
document. Hence, the notion d document in
information retrieval can be replaced by the
notion d sentence in text summarizaion and
the “new” measure will be TF-ISHw,S) (s used
for sentence) (LaroccaQ0).

In this work thematic words are obtained by
using trainable techniques, as discussed in
(Turney 00) and (Nevill -Maning 99).

(d) Text cohesion. The basic ideaof this feaure
is that sentences having a larger degree of
cohesion are more relevant to be seleded for the
summary. A sentence€'s degree of cohesion can
be measured in severa ways, such as computing
the similarity of the sentence with every other
sentence of the document, computing the
similarity of the sentence with the document
centroid, etc. (Barzilay 97), (Carborel 98),
(Mani 98b), (Mitra97).

(e) Rethorical structure of a text. A complete
analysis of the rethoricd structure of a text
would be too complex to be obtained, and it
would require afull understanding of the text.
However, some methods based on a superficial
understanding o the text have been used to
obtained goodqudlity summaries, as in (Teufel
99) and (Yaai 97).

f  Text Morphology. Part-of-speed
algorithms, such as the one propased by Brill
(Brill 92), determine the part-of-speed (noun
adjedive, verb, etc.) of ead word in a sentence
Intuitively, this analysis can be useful for text
summarizaion, since there seans to be some
corrdation  ketween  the  part-of-speet
associated with some words and its relevance for
summarizaion puposes, some evidence for this
is presented by Carbordll (Carborell 98).

4  Our proposal: atrainable
summarizer employing statistical
and linguistic features

Taking into acount the kinds of feaures
identified in the previous dion, we propcse a
tranable summarizer. We use ‘“dstatistics
oriented” feaures and “lingustics-oriented”
feaures - loosaly spesking.

4.1 Employed features

We use the following “statistics-oriented”
fedures:

(a) Sentence Length. The normalized length of
the sentence which istheratio of the number of
words oceurring in the sentence over the number
of words occurring in the longest sentence of the
document.

(b) Sentence Postion. In our work we use the a
generic positional feaure proposed by Nevill -
Manning (Nevill-Manning 99, whose vaue is
defined as the percentile of the sentence in the
entire document, which is normalized to take on
values between Oand 1.

(c) Mean-TF-ISF. The mean value of the TF-
ISF measure for the words of the sentence
Recdl that ead sentence is represented by a
vedor of TF-ISF values, one value for ead
word.

(d) Similarity to Title. This feaure is obtained
by using the title of the document as a “query”
againgt al the sentences of the document. First
baoth the document title and ead sentence of the
document are wnwerted to their vedorid
representation; then the similarity between the
titte axd eah sentence is computed by the
cosine simil arity measure (Saton 97).

(e) Similarity to Keywords. This fedure is
obtained in away similar to the previous feaure.
In this case, we cdculate the similarity between
a vedor of keywords and eadh sentence using
the msine vedor-similarity measure.



(f) Sentence-to-Sentence Cohesion. For eah
sentence s this fedure is obtained as follows:
first, one computes the simil arity between s and
eah o the other sentences of the document;
then ore alds up all those values of similarity,
obtaining the raw value of this feaure for s; the
processis repeded for all sentences. The value
of this feaure for a sentence s is normalized in
the range [0..1] by computing the ratio of the
raw fedure value for s over the largest raw
feaure value among dl sentences in the
document. Sentences with feaure values closer
to 1.0 have alarger degreeof cohesion.

(9) Sentence-to-Centroid Cohesion. For eat
sentencethis feaure is obtained as foll ows: first,
one omputes the vedor representing the
centroid of the document, the aithmetic average
over the @rrespondng coordinate vaues of al
the sentences of the document; then ore
computes the similarity between ead sentence
and the centroid, obtaining the raw value of this
feaure for each sentence The value is then
normalized producing a normalized value in the
range [0..1] for eah sentence Sentences with
feaure values closer to 10 have alarger degree
of cohesion with resped to the centroid of the
document, and so are suppced to better
represent the basic idess of the document.

Our trainable summarizer aso use
“lingudtic-oriented”  feaures. The five
foll owing feaures contain information abou the
argumentative structure of thetext. First, the text
is processed by an agglomerative dustering
algorithm, as proposed by Yaai (Yaai 97). The
basic idea of this method is that similar text
segments are iteratively grouped together, in a
bottom-up fashion, based on their lexicd
similarity, until the highest level of the
clustering scheme, the entire document. Once
the agglomerative-clustering tree has been
produwced, five feaures are extraded, as foll ows:
(h) Depth in thetree. For a sentence s the value
of this feaure is smply the depth of s in the
tree
@), (), k), () Four features referring to
position in a given level of the tree (position 1,
position 2, position 3, and position 4, for
short). In order to extrad these feaures for a
given sentence s, we identify the path from the
root of the tree to the node @ntaining s,
considering oy the first four depth levels of the
tree For ead depth level, a feaure is identified
asthediredion to betaken in order to follow the
path to s; since the treeis binary, the possible
values for these feaures are: |€eft, right and nore,

the latter value means that the sentence is in a
treenode having a depth lower than four.

Other employed “linguistic” feaures are:
(m) Indicator of main concepts. A binary
feaure, indicaing whether or nat a sentence
captures the main concepts of the document.
The identificaion o these man “concepts’
asaumes that the mgjority of relevant words is a
noun Hence for ead sentence al its nours are
identified, by using a part-of-speed software
(Brill 92). This procedure is repeaed for all
sentences. Then, for eadh noun the system
computes the number of sentences in which that
noun acaurs. The 15 nours with largest
occurrence ae seleded as “main concepts’.
Finaly, for eat sentence the vaue of this
feaure will be true if the sentence ontains at
|east one of those 15 nours, and fal se otherwise.
(n) Occurrence of proper names. Thisisalso a
binary feaure, taking a the vaue true if the
sentence @ntains at least one proper name, and
fase otherwise. The motivation for this feaure
is that the occurrence of proper names of people
and daces are dues that a sentence is relevant
for the summary, particularly for some kinds of
text. The detedion d proper names was
performed by a part-of-speet software (Brill
92).
(0) Occurrence of anaphors. In generd,
anaphars indicae the presence of nonessntia
information in atext. The detedion d anaphars
was peformed in a way smilar to the one
propcsed by Strzadkowski (Strzadkowski 99).
The system determines whether or not cetain
words, charaderizing anaphars, occur in the first
six words of a sentence This is also a binary
feaure, taking o the value true if the sentence
contains a lest one aapha, and fase
otherwise.
(p) Occurrence of other words indicating
non-essential information. Some other words
ae nsidered indicaors of nonesentia
information. The words in guestion are speet
markers sich as “because”, “furthermore”, and
“additiondly”, which typicdly occur in the
beginning d a sentence This is aso a binary
feaure, taking an the value true if the sentence
contains at least one of these speet markers,
and fa se otherwise.
42 The framework for the trainable
summarizer

The trainable-summarizaion framework
consists of the following steps. First, we gply



some standard preprocesing  information
retrieval methods to ead dacument. The
methods in question are remova of stop words,
case folding and semming. We have used the
stemming algorithm proposed by Porter (Porter
97). Next the sentences in the document are
converted to a vedorial representation (Salton
97).
After this basic preprocesdng, the fedures
described in the previous aibsedion are
computed. Continuows fedures are discretized.
We did some preliminary experiments with two
kinds of discretizaion method, a simple dass
blind method and a dassdriven method.
Surprisingly, in our preliminary experiments we
did nd natice ay significant difference in the
performance of the two discretizaion methods.
Hence, we dedded to use the smple ejual-
width methodin ou experiments.

Once dl the feaures were duy computed
and discretized, the dassificaion algorithm was
cdled and employed as usual in the data mining
literature, namely trained on a training set and
evaluated ona separate test set.

Of course, the framework assumes that ead
document has an extradive summary, whose
sentences have the role of “positive dass

instances in classficaion / data mining
termindogy. In ou experiments ead
document’'s  extradive  summary was

automaticdly obtained by using an author-
provided nonextradive summary as in Mani
(Mani 98b).

5 Computational results

All the experiments were performed with
documents avail able in the TIPSTER document
base (Haman 94). The document colledion
consist of texts pudished in magaznes abou
computers, hardware, software, etc., which have
sizes varying from 2 Kbytes to 64 Khytes. We
have used in ou experiments only documents
which already had a summary provided by the
own author of the document, in order to use the
above-mentioned technique of automaticdly
prodwcing an extradive summary. The
TIPSTER document base ntained 33,658
documents with the author's manual summary.
A subset of these documents was randamly
seleded for the eperiments to be reported in
this edion.

In ou expeiments with the trainable
summarizer, we have used two very well-known
clasdficaion agorithms, namedy Naive Bayes

(Mitchdl 97) and C4.5 (Quinlan 92. The former
is a Bayesian clasdfier that assuumes that the
feaures are independent from ead aher.
Despite this unredistic assumption, the method
presents good results in pradice in many cases,
and it has been used in many text mining
projeds. C4.5 isadedsiontree agorithm that is
often used for comparison purposes with aher
clasdficaion agorithms, particularly in the data
mining and madine leaning communiti es.

In total the eperiments involved five text-
summarizaion methods, as follows:

(@) Our trainable summarizer using C4.5 as the
clasgfier.

(b) Our trainable summarizer using Naive Bayes
asthe dassfier.

(¢) Randam Summarizer. This method randamly
sdeds n sentences from the text, where n is
determined by the desired compresson rate.
This gistem provides a very simple, week
basdine for the performance of any text-
summarizaion method

(d) First Sentences. This method seleds the first
n sentences of the document, where n is
determined by the desired compresson rate.
This g/stem provides a smple, yet rdatively
strong, basdline for the performance of any text-
summarizaion method Brandow (Brandow 94).
(60 Word Summarizer. Microsoft's Word
Summarizer is a text summarizer which is part
of Microsoft Word, and it has been used for
comparison with other summarizaion methods
by severad authors (Barzilay 97), (Marcu 99.
This method wses non-documented techniques to
perform an “almost extradive” summary from a
text, with a compresson rate determined by the
user.

This method hes a wupe of charaderistics
that are different from all the previous methods,
as follows. First, the compresson rate spedfied
by the user refers to the number of charaders to
be extraded, and nd to the number of sentences.
Seond, some sentences are somewhat modified
by Word Summarizer during its exeadtion, in
order to reduce the sentencés number of
characters withou saaificing its
comprehensihility. These tharaderistics
constituted a problem for our experiments, since
due to them a mparison between Word
Summarizer and the other methods is not
entirely fair: (i) dueto thefirst charaderistic, the
summaries produced by Word Summarizer can
contain afew more or afew less &ntences than
the summaries produwed by the other text-
summarizaion methods; (i) due to the seaond



characteristic, in some caes it will not be
posshble to compute an exad match between a
sentence seleded by Word Summarizer and an
original sentence of the document; these caes
are rare, and the rrespondng sentences were
ignared.

Note that only our propcsal is a trainable
summearizer, the remaining three methods are
naot trainable, and were used mainly as basdlines
for comparison with the trainable methods.

The set of documents used in our first
experiment consisted o 200 documents,
partitioned into digjoints training and test sets
with 100 documents ead. The training set
contained 25 dauments of 11 Kbytes, 25
documents of 12 Kbytes, 25 dacuments of 16
Kbytes, and 25 documents of 31 Kbytes. The
average number of sentences per document is
1295, since there ae in total 12,950 sentences
in the training set. The test set contained 25
documents of 10 Kbytes, 25 daccuments of 13
Kbytes, 25 documents of 15 Kbytes, and 25
documents of 28 Kbytes. The average number of
sentences per document is 118.6, sincethere ae
in total 11,860 sentences in the test set.

Table 1 reports the results obtained by the
five summarizes. The values of predsion/recdl
are expresed in terms of percentage (%). The
figures after the “+* symbd are standard
deviations. The best results are shown in
bodface

Let us now anayze the results reported in
Table 1. For al the five methods, the values of
predsion and recdl are significantly higher with
the @mpresson rate of 20% than with the
compresdon rate of 10%. This result was
expeded, since larger the mmpresson rate, the
larger the number of sentences to be seleded for
the summary, and so the larger the probability
that a sentence sdeded by a summarizer
matches with a sentence belongng to the
extradive summary.

For the compresdon rates of 10% and 20 %
the best results were obtained by ou trainable
summarize with Naive Bayes classfier.

We can adso nde that using the same
feaures, but with the C4.5 as clasdfier, the
obtained results were poar in comparison with
the First-Sentences and Word Summarizer
baseli nes.

Perhaps this result offers a useful leson:
most projeds on trainable summarizers focus on
the propasa of new feaures for clasdficaion,
using more and more daborate statistics-based
or lingustics-based feaures, but they usually

use a single dasdfier in the eperiments.
Normally “conventional” clasdfiers are used.
Our results suggest that reseaches houd pay
more dtention to the development of more
daborate  dasdfiers, taillored for text-
summarizaion applicdions, or a least choose
the best clasdfier among the cnventional ones
already avail able.

Tablel: Resultsfor documentswith an
automatically-produced extractive summary

Compresson Compresson
rate: 10% rate: 20%
Preds | Recal | Preds | Recall
on on
Tranable- | 224+ | 224+ | 347+ | 346+
SC45 148 [1.48 |1.01 |1.03
Trainable- | 405+ | 405+ | 514+ | 514 +

S-Bayes 199 1199 |147 |147

Random- |89 +| 89+ | 196+ 196+
Summ. 094 |094 |0.88 |0.88
First- 239+ |239+ 320+ 320+
Sentences | 160 |1.60 | 1.36 | 1.36
Word- 261+ |344+|388+ 437+
Summ. 121 |156 | 114 |130

6 Conclusions and futureresearch

In this paper we have explored the framework of
trainable text summarizers, which was propcsed
a few yeas ago by Kupiec (Kupiec 95). Our
chaice of this framework was motivated by the
fad that it all ows us to measure the results of a
text summarizaion agorithm in an oljedive
way, similarly to the standard evaluation o
clasdficaion dgorithms. This avoids the
difficult problem of subjedive evduation d the
guality of asummary.

The main contribution of this paper is that it
performs a more extensive investigation of that
framework. We propcsed a trainable
summarize which employs statistics-oriented
and linguistics-oriented feaures, used with two
different clasdficaion algorithms, Naive Bayes
and C4.5. Hence we were ale to analyze the
performance of two  different  text-
summarizaion methods. The performance of
these methods was also compared with the
performance of three nontrainable, basdine
methodks.

In generd the trainable method using Naive
Bayes clasdfier significantly outperformed all
the threebaseli ne methods.



The most interesting finding of our
experiments was that the choice of the dasdfier
(Naive Bayes versus C4.5) had severdy
influenced the performance of the trainable
summarizer. In ou future reseach we intend to
focus mainly on the development of a new or
extended clasdficaion agorithm tailored for
text summarizaion. In addition, experiments are
in hand to evauate the performance of our
trainable summarizer in dacuments where an
extradive summary is diredly provided by the
author, rather than being automaticdly
generated as in the experiments reported in this

paper.
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